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Robustness and the Halting Problem
for Multi-Cellular Artificial Ontogeny

Alexandre Devert, Nicolas Bredeche, Marc Schoenauer

Abstract—Most works in Multi-Cellular Artificial Ontogeny is quite unlikely that he/she would provide such a diversity
solve the halting problem by arbitrarily limiting the numbe r  poth original and efficient designs. Another impressivailites
of iterations of the developmental process. Hence, the trag- of ED is that of NASA satellite antennae [56], that actually
tory of the developing organism in the phenotypic space is . - ’
only required to come close to an accurate solution during a end_ed up being more efficient ar_1d more Cqmpact than_ human
very short developmental period. Because of the well-known designed alternatives, and were integrated in an actuelliat
opportunism of evolution, there is indeed no reason for the and sent to space. Other famous real-world achievements
organism to remain close to a good solution in other situatios:  range from automatic design of real world crawling robots
if the development is continued after the limiting bound; if the for locomotion [54], [71] to electronic circuits [31], [82}0

environment is perturbed by some noise during the developnrg; . . .
if the development takes place in different physical condibns. cite a few. In all those works, the designer only provided the

In order to increase the robustness of the solution againstush fitness of candidate designs ...and the representationthiee
hazards, a new stopping criterion for the developmental proess specification of search space.

is proposed, based on the stability of some internal energyfo  The recent trend in ED regarding representations has been
the organism during its development. Such adaptive stoppl 4 ghift towards developmental approaches, often refeaes t

criterion biases evolution toward solutions in which robusness is o )
an intrinsic property. Experimental results on different “ French Artificial Ontogeny (AO) [8], [79]. Rather than evolving the

flag” problems demonstrate that enforcing stable developmetal ~ Solution, AO optimizes a program (or developmental progess
process makes it possible to produce solutions that not ongccu-  that will in turn build the solution. The main motivation for

rately approximate the target shape, but also demonstrate @ar-  such shift is to address the scalability issue (see disoussi
perfect self-healing properties, as well as excellent gergization  geaction 11). But as inspiration from biology becomes deeper
capabilities. . . .
and deeper (e.g., involving complex phenomena like regula-
Index Terms—Multi-cellular artificial ontogeny, robustness, tion, differentiation, reaction-diffusion of proteinstcy de-
generalization, self-healing. velopmental approaches will involve more and more complex
simulations, and will hence be more and more error-prone.
|. INTRODUCTION Interestingly, this shift of ED toward developmental ap-
FJeroaches meets some concerns of Design in general regarding
the buildability of proposed designs. Indeed, the primary
esired feature for an automatized design process is its

Evolutionary Design (ED) is concerned with the applic
tion of evolutionary paradigms to the automatic synthesis

complex structures, such as real-world static objectsptrob” =>, ) - . I
morphologies, or graph topologies. The motivation behir@Pility to provide efficient blueprints. However, the atyili

Evolutionary Design is to offer to the human designer to describe the actual building process is also an important

much larger design space than more traditional methods, 4Rature: Regarding blueprints, the main issues are espityss

allow her/him to explore unexpected design ideas while ongggi gsrfgla:gi?(l)’rst%:Sblati)ld?r?ssé?gcggzwgesﬁgmglz); é‘zﬁsc

specifying a quality criterion, aka fithess function. Indee _ _ i o
Evolutionary Algorithms are well-known for their flexity, © Puild an object in an efficient way to guarantee that the
actual construction is possible in any circumstance (eyg. b

and their ability to explore huge and poorly-structuredclea < o ) ) )
spaces. avoiding deadlocks). From this viewpoint, a key issue isithe

Perhaps the most well-known illustrative example of th'@lamd_ to ro_bustness, .e., the abi_lity for the d_esi_gn peedo
capabilities of ED is Karl Sims’ seminal work [74], in whichPe flexible with regards to small mistakes, or missing elesien

he evolved creatures made of connected blocks and actRich feature is especially important when there are strong

joints. Both familiar and original designs were discoverediteractions between the design process and the envirdnmen
optimizing ground locomotion, swimming, and target follow(€-9-» designing a bridge must take into account both génera
ing. While a human engineer may eventually come up wifjechanical considerations and topological propertieshef t

relevant morphologies, inspired from nature or imaginatio environment at hand). _ )
Hence both from the Design perspective and from the
A. Devert is with the NICAL, University of Science and Tectwgy of Computer Science perspective, the robustness of the build-
China (USTC); e-mail: marmakoide@yahoo.fr _ ing/development phase is an important aspect of the design
N. Bredeche is with University Paris-Sud and M. Schoenasewith Itis h | ken i in th ED
INRIA Saclaylle-de-France. Both work at TAO, LRI (UMR CNRES23), Process. Itis however rarely taken into account in the way k
Univ. Paris-Sud, F-91405 Orsay, France - e-mail: NicolesdBche@Iri.fr — algorithms are developed, being in general only a posierior

Marc.Schoenauer@inria.fr _ studied. Along these lines, this paper presents an indirect
The authors wish to heartily thank the anonymous reviewrdsthe non-

anonymous guest editor of this Special Issue for the timg #pent on the way to enforpe the rQbUStneSS Of_mU|ti'Ce||_UIar d.evellopmien
paper, and their valuable comments. systems by introducing an adaptive stopping criterion fiar t
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developmental process. The impact of this criterion on thedirect encodings looked more promising with regards to
robustness of the underlying ED algorithm is experimewntalscalability. At the end of the 90’s, both direct and indirect
studied on some “French flag” problems [84], [62], focusingncodings were explored at the same time. However, because
on the sensitivity to perturbation of the development ftsetlirect encoding are close from the human engineer’s viesy, th
(i.e., self-healing in the presence of noise) and scatghilith were used by most of the early achievements in ED, including
respect to the environment. The main goal of the paper is-to éwo- and three-dimensional objects such as Lego bridges and
plore the link between the halting problem and the robustnesantilever structure [27], [28], [67], tables, cars, ogliprisms

of the developmental sequence, and to assess the usefafnessid various 2D or 3D assemblies of cubic elements [5],
a stopping criterion enforcing a stable development secpieniensegrity structures [66], wind turbine blades [18], [783

by demonstrating that it ensures robustness while presgrvivell as the examples already described in the Introduction,
the solution quality. that were actually built: antennae [56], and the Golem drayvl

The paper starts with a general overview of ED challengesbot [71], [54].
and issues in Section Il, then focuses on the multi-cellular However, such direct representations suffer from several
approaches, and details the flag problems in Section Ifltawbacks. Firstly, the size of the genotype is the number
Section IV introduces the energy-based stopping criterioof elements of the phenotype. Indeed, most of the works cited
Experiments on different instances of the flag problem asdove feature only small assemblies - the Golem crawling
provided in Section V, where the cell controllers are evdlveobots [54], for instance, are composed of only a dozen
by the standardNEAT algorithm, and in Section VI, using anof elements. Some more compact representations involving
original diffusion-based control. Section VII providesns® higher levels of descriptions have been proposed (e.gandr
comparative results involving other stopping criterianfrthe diagrams for chairs [35], [36], problem-specific rotation-
literature, and the paper ends with some conclusions artg hioriented representation for optical fibers [57]). Howeseich
for further research. representations, that can be seen as intermediate betieen d
and indirect representations, did not address [35], [36pnty
partially addressed, in an ad hoc fixed way [57]) the second
limitation of direct representations: the lack of modubari

The use of evolution in design dates more than 40 yeaiad re-use of elements. In the meantime, several authars [4]
ago, as summarized in John Frazer's impressive book [2@19], [53] had identified and discussed the need for more
However, the field of Evolutionary Design has really startegowerful representations, and advocated indirect engsdin
to draw interest from the EC community in the middle of th&ore precisely, several key features were identified thatld/o
90's. In all ED approaches, the goal is to find some objeciguarantee efficient encodings (as stated in [39], [53]):
structures, or shapes that fulfill some physical requirdmen Modularity : well-identified localization of a specific (func-
The phenotypesof the evolutionary process are hence thgonal or structural) element;
descriptions of those structures. But ED approaches can b@egularity: repetitions, or at least similarities, observed in
distinguished by the type ajenotypeghey evolve, i.e., the the description;
type of encoding that is used to represent the phenotypes. Hierarchy: recursive composition of a structure and/or

Direct encoding refers to encodings where the genotypefeinction.
are very close to the actual descriptions of the structtrks. Developmental representationsare an answer to those
representation is thus quite explicit, and, more impolyantarguments: the basic idea is to evolve a construction psoces
is human-understandable. There is a strict matching betweaeather than a construction plan, putting the emphasis on
the elements of the actual construction and the elemeudftgamic building systems rather than static represemstia
of the genotype. However, when using direct encoding, tliest consequence is that the genotype length is now related
morphology of a four-legged robot would be encoded witto the structural and/or functional complexity of the targe
four repeated definitions of a leg, and one definition of a bodyhenotype, rather than to its size.

Indirect encoding considers more compact representations, The definition of this approach, often referred to as Artifici
and the genotypes needs to be somehow interpreted to gémbryogeny [4] or Artificial Ontogeny [8], [79] ("AQ" for
erate an actual construction plans. Though the genotygmes stiort), is two-fold depending on the nature of the building
in general not human-readable, indirect encodings gdgergrocess encoded within the genome (definitions are inspired
allow some re-use of elements. For instance, the leg offram [4]):
four-legged robot could be encoded only once, and re-usedexplicit Artificial Ontogenies directly evolve the construc-
four times. Of course, using a more compact description wilbn process as a program. Early famous examples include Cel
lead to a high number of inter-dependencies between tludar Encoding to grow Artificial Neural Networks [33], and
elements of the encoding, and will thus tend to violate th@enetic Programming for the design of analog circuits [47]:
strong causalityprinciple, i.e., increase the probability thathe genotype is a list of instructions that are interpretegiow
one 'small’ genotypic variation can lead to a very ’largedlirect acyclic graphs. Cellular Encoding has been mostidus
modification of the whole structure. However, it is hoped thao grow Artificial Neural Network for various robotic contro
the benefits in term of scalability will dominate the drawksc tasks such as hexapod walk [32], [45] or inverted double pole

While direct encodings provided an efficient way towardsalancing [34].
building real world objects due to their intrinsic simptigi Implicit Artificial Ontogenies evolve a set of simple

Il. TOWARDS DEVELOPMENTAL ENCODINGS
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rules which are then iteratively applied to each elemedevelopmental sequence featured in Artificial Ontogenykaor

of the growing solution. As opposed to explicit ontogenyVhile this may be limited whenever strong interactions with
the growing process is herdistributed over the elements, the environment are required, the issue of the relevandeeof t
something that might greatly impact both performance amdice of the temporal developmental sequence remains open,
scalability [4]. The two main alternatives to implicit AO-to and may well depend on the problem at hand.

date use either grammar-based encodings or more biolggical

inspired "cellular” representations: [1l. ROBUSTNESS AND THEFLAG PROBLEM

« Grammar-basedor L-system basedDevelopmental De- A. Issues in Developmental systems
sign use Context-Free-Grammar, of L-systems (formal As stated in previous Section, a developmental system
systems that share many similarities with formal granevolves a construction process, rather than a plan. In other
mars [52]) and provide an easy way to recursively buildords, the genotype also encodes the mapping process from
complex structures. While originally used for simulatinggenotype to phenotype. Furthermore, this mapping can be
artificial plant development, evolvable L-systems or, moigewed as a dynamical system in the space of phenotypes,
generally, grammar-based developmental systems, haygl the goal of evolution is then to tune this dynamical syste
been applied in the seminal work of Karl Sims to evolveoward an end point (a phenotype) that is somehow optimal
the morphologies of artificial creatures [74], work thafor the fitness at hand. A first issue is that of the Halting
had some recent followers [59], [51], [48]. Other appliProblem for this dynamical system. But other importantéssu
cation regard Lego structures [68], [69], table design [38om the applicative point of view are the various robust-
robot design [40], antennae design [55] (as a follow-ugess issues, with respect to the initial/varying environtale
to [56]) and architecture form generation by combining gonditions (i.e., what is the influence of error/noise dgrin
variation of L-system with Grammatical Evolution [65]. development?), and with respect to scalability (i.e., whaald

« Multi-Cellular Developmental Design takes an eveme the result of applying the same ontogeny process with
tighter inspiration from developmental biology, mimick4arger environmental resources like energy, size, etc?). O
ing the way cells grow, migrate, divide, differentiate, andourse, if neither scalability nor noise- and fault-totera
regulate and be regulated by other cells from the orgasire issues, a developmental encoding can be simply viewed
isms. Recent achievements include variations over Ggs some kind of compression process of the phenotypes.
netic Regulatory Networks to design 3D lens shape [2¢}therwise, addressing robustness issues requires sdniléysta
and box-pushing robot [8]; optimization of various kindand generalization properties of the dynamical system with
of Cellular Automata for designing skyscrapers [42], [43kespect to environmental and experimental conditionsotoes
[44]. Also, recent works investigated artificial ontogeniextent, the result of the developmental process should not
processes in interaction with the environment such &ary abruptly under slightly modified conditions. Rougfthis
growing and/or stabilizing metallic truss structures undglistinction can be formulated as comparing careful design o
mechanical stress [46], [16], [81] and environment-guidastecise trajectories (i.e., uncompressing process) asigniag
development of heat-protecting walls [22]. basin of attractions towards approximate or exact solstion

Some works cited above are explicitly based on a distributécf:» developmental solutions with generalization &i).
variant of Gene Regulatory Networks (GRN) for automatic 1€ Scope of this work is to study the robustness issue
conception of robot morphologies [19], [8]. However, it st of Multi-Cellular systems within the particular framework

be noted that most works within the Evolutionary Computatic®f the so-called “French Flag” problem. This problem takes
that use the GRN paradigm ( e.g. [72], [7], [20], [3], [49]‘|nsp|rat|on from developmental biology with the study oéth

[50], [17], [73], [58], [63]) do not pertain to multi-cellar influence of morphogens in the development of a cell [85],

developmental design, as the resulting network is created i[86]- This setup has been used over the years in various

centralized fashion through a one-pass interpretationgee CONtexts in Computer Science [52], [2], [37], and has been
of the artificial genome, in contrast with the distributecheo introduced to Evolutionary Design by Miller [60] as a privi-

struction within the multi-cellular developmental appebas. €9€d experimental sandbox for Multi-Cellular Developratn

Of course, this taxonomy bears some limitations, and doggstems. It provides a clear and well identified setup which

not include all works that reclaim from Artificial Ontogeny,makes It possible to study specific issues of general irtteres

such as algorithm that actually embed an ontogenic procé%SDevelopmental Design.

based on heuristics during the genotype-to-phenotype map- )

ping (e.g. neural connection growth depending on exterrfad The Multi-Cellular Flag Problem

stimulation [64]). A noteworthy exception is the HyperNEAT The Flag problem can be defined as an optimization problem
algorithm [77]. This algorithm has already provided imsiee where the goal is to find the update rules for a two-dimensiona
results and interestingly stimulating discussion as to twheontinuous Cellular Automata so that the whole CA state
level of abstraction is relevant when considering Artifi€m- converges to a target pattern (e.g. French, Norwegianndapa
togeny. HyperNEAT successfully captures key features frofiags, geometric shapes, etc). Given the loose inspiration
Artificial Ontogeny, but in a static way: NEAT-optimized Cem from real world embryogeny, the system is usually described
positional Pattern Network (CPPN) [76] “develop” in a onetsing a biologically-inspired lexicon: asrganismis made of
pass genotype to phenotype mapping, bypassing the tempateahtical units, aka cells, that are spatially arrangech veit
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TABLE |

PROPERTIES OF REPRESENTATIVE WORKS WITH THE MULFCELLULAR FLAG PROBLEM (NON-EXHAUSTIVE LIST) .

Miller et al. [60] Gordon et al. [29] Federici et al. [23] Chavoya et al. [11]
setup 32 x 32, 9 steps 20 x 20, n/a 32 x 32, 12 steps 33 x 33, 100 steps
states binary string binary string real valued vector 1 bit and 2 reals
neighbourhood 8 4 8 8
update  function| Boolean logic circuit| implicit boolean tran-| Multi Layer Percep-| Gene Regulatory Net]
representation and diffusion sition table tron and diffusion work
cell states updatg asynchronous, detert N/A asynchronous,  cell asynchronous,
order ministic order age order random order
ontogeny control | fixed number of de-| stop when steady{ development carried self-tuned (evolved)

velopment steps given] state reached and through stages, fixed or fixed number of

by user fixed number of| number of develop-| development
development  steps ment steps given by
given by user user

given topology (only fixed neighborhoods will be considered
here). Cells communicate with their neighbors, exchanging
vectors of real values, termathemicals A given cell sends
chemicals to nearby cells and, in turn, receives chemical width*height
vectors from each of its neighbors. Global information igsth ] ) ] )

only transmitted through local interactions. In particuteells ~ Wherelorg is the image described by the organism once
are not aware of their position, though some cells may be ugggelopment has come to a halt, ahgrgetthe target image,
to bootstrap global positioning because of specific pasitioPCth of them being width*height matrices of gray levels in
(e.g. cells at the borders or at the corners of the enviropmer?: 1] (the fitness hence also lies [, 1]).

To some extent, this setup can be related to the reaction-

diffusion models [83], with the notable difference thatlsel QZQgQZQ:Q
are physically modeled (i.e., the environment is a discrete
2D grid rather than a continuous substrate). The motivation
behind using the flag problem is that it provides a common

Zwidth

r=1

heigh
Zy:lg t(Iorg(fC,y) — Itargetz. y))?

(1)

(\0&\ s

2™
SOUth

output

ground for studying crucial features on artificial develaoral
processes, while remaining simple enough for visualinatio
and understanding purposes, and yet still being able ta yiel
complex dynamics.
Figure 1 gives -an example of gnviror_wment -and cell inF-ig 1. Cell input/output (left) and von Neumann neighbardhcdopology
pUt/OUtpl‘_lt' assuming th_e topolqu is defined with von NeWitHin.a population of homogeneous cells iR2® environment (right).
mann neighborhoods. Time is discrete, and the updates of the
cells are synchronous. Of course, there exist many othes way
to define the environment, with regards to the neighborhood ‘ . - .’ -] .] .] .] ‘]
(e.g. von Neumann, Moore, Margolus, totalistic or not, etc) ‘
the update scheme (synchronous, asynchronous, etc.) and th _
developmental flavor (with or without spatial development)'d- 2 A developmental sequence (target: *half-discs”)
The development of an organism is illustrated in figure 2:
the whole organism starts from an initial state where all .
cells are undifferentiated, and ends to a shape that is cléseHalting the developmental process vs. Robustness
to the half-discs target (see Section V-B). In this example, As already mentioned, time is considered discrete: during
differentiation starts from border cells and diffuses t@ thone developmental step, all cells update the quantities of
center of the organistn Then again, various approaches havehemical they will send to their neighbors at next step,
been explored regarding the update rule, including Camesibased on their current state and the chemicals received from
GP [60], Artificial Neural Networks [23], [14], [15], rule- their neighbors. A critical issue is hence when to stop such
based [29], [10] and GRN-inspired [9], [6], [11], [25]. T&bl developmental process.
gives a summary of the main properties of major contribition One of the simplest stopping criteria for the development
to the multi-cellular flag problem. phase is to a priori set a number of development steps,
In this work, as in many others, the fithess (to be minimizeds was done in most of the previously cited works (see
is the distance between the fully developed organism and theble I). However, one of the motivations for using Artificia
target image, formally defined as: Ontogeny approaches is their promise for robust and sealabl
LIt should be noted that development is defined as a tempooakps of solutions (Section III-A above). In th.e context of the Mult
Cellular developmental systems applied to the Flag problem
scalability can be seen as the ability of the system to reach

differentiation through time, and does not automaticathply (while it may
also be possible) a spatial process of organism growth ghreoell duplication.
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the same target pattern at several scales. An essential ftepnotype if the phenotype is perturbed after development
toward scalability is achieved by using the same controlles complete. And of course, as already argued, there is littl
and the same initial state for all cells: the genotype size éhance that the trajectory comes close to the target phgaoty
then independent from the pattern size. But larger pattenvhen the physical environment is changed, e.g. grid scale is
also imply longer development times: it is very unlikely thamodified, as the number of iterations required to reach angive
the same number of development steps will be required fpattern obviously depends on the size of the pattern pixel-
development at different scales (e.g. fratx 16 to 32 x 32 wise. To summarize, in multi-cellular approaches that use a
environments) and a fixed humber of development steps mfaged number of iteration steps for the developmental preces
thus hinder the scalability properties of the method. there is no incentive whatsoever for robustness, be it tebus

Some works have explored alternative stopping criterigh suness against noise during the development process, r@ssstn
as self-tuning of the number of developmental iteratior® [1against perturbations posterior to the development (aka se
(i.e., include it into the genotype and let evolution tunbealing), or robustness with respect to the environment An
it), or stopping whenever a fixed point or limit cycle isbecause evolution is known to be opportunistic, if there are
detected before some maximum number of iterations [30] (buays to minimize the fitness that are more easily reachable in
relying on randomness, i.e., without explicitly enforcitige the genotypic space than the ones that are robust, evolution
occurrence of such a stable state). It should also be no&td thill favor these.
works in different field of Artificial Ontogeny (e.g., modeg Because the robustness of the developmental process is
artificial Gene Regulatory Networks) also tackled the issudearly linked to the stability of the underlying dynamical
of evaluating development stability during a limited peériosystem in the phenotypic space, one way to reach stability is
of time [62], [80]. These approaches relied on minimizinfavor, through the selection process, those dynamicaésst
target matching duringeveralarbitrary chosen iterations tothat converge to a fixed point (i.e., a stable configurationgt
favor transient (or possibly definitive) stable configusati least that reach a stable basin of attraction. Robustnsssss
(see Section VII for further discussions). can then be reformulated as sensitivity to initial condis@and

But another important issue is that of robustness witherturbations (stability then depends on the width of th&rba
respect to perturbations of the initial/developmentalitions. of attraction), and dependency on the experimental camditi
When considering a fixed number of developmental stefspnvergence towards a stable state should hold if the scale
such robustness can only be assessed a posteriori [61], [28]jchanged — though the resulting fixed point of convergence
Some of the solutions obtained in those works do admitnaight slightly vary).
steady-state of the developmental process, acting as a loos
attractor: carrying on the development after random peaur
tions of the organism does produce patterns resembling
initial target (e.g. the 3-bands French flag), though in someThe mechanism that is proposed here in order to reach
kind of degenerated ways (repeated encapsulated patternghe dynamical stability was first described in [14]: durimhg t
stretched patterns). However, while these experimentg g&purse of evolution, only genomes leading to stable config-
promising results with respect to self-repairing, theylefdi urations are considered. Stability is determined accgrdin
to demonstrate full recovery within different initial and/ the cell activity: an"energy level'is computed at each time
experimental conditions. Our claim is that this is becauséep, measuring the variations of input/output chemical-co
the stability of the dynamical developmental process is ngéntrations over a time window. The activity of the organism
enforced during evolution, and the proposed approach aimdsadefined as the total variation of the energy levels of dlsce

incorporating stability in the developmental process tigto Over time. It is expected that the organism has reached Eestab
its stopping criterion. state (or a stable basin of attraction) whenever the agtisit

stable (or varies very slowly).

Along this line, anenergy measuref the multi-cellular
organism is computed at each developmental step. If the

When considering the developmental process of a giveariations of the energy value of the organism are very small
multi-cellular organism as a dynamical system in the spaoger some time window, the development is stopped, as it is
of all possible phenotypes, the above limitations of sgttidikely that development reached a steady state. In the murre
a fixed number of developments steps as stopping criterisetup, a simple and a general formulation of energy can be
can be rephrased as follows. The only requirement on tHevised from the sum of the squared values of all the cell
dynamical system is that the trajectory of the developnientdates. A steady state is detected from the standard deviati
process is as close as possible from the target phenotyp@fathe energy over a time window (up to some tolerance):
a given point in time, without any constraint on the completié the standard deviation is lower than a given threshgld
trajectory. In particular, there is no reason for the system development is considered to have reached a steady state and
remain close to the target pattern after the required numberhalts.
development iterations. Furthermore, there is no reasothé&  More formally, the proposed stopping criterion is formatht
trajectory to be stable, in the sense that the system woayd sas follows. Letstate(c,t) be the state of celt at time ¢,
close to the original trajectory after some random pertiiwha defined as the vector of both internal (e.g. neuron actwitie
during the development process, or come back to the tarpere, see Section V) and external (e.g. input and output

f?‘fe Energy-based stopping criterion

IV. FROM EVOLVED STABILITY TO ROBUSTNESS
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chemical concentrations) values. The energy of the organisset of experiments based on this stopping criterion usirg tw

made of N cells, at a given time, is given by: controller optimization methods. The primary motivatiero
evaluate the relevance of the stopping criterion with régar
Neelts to robustness to noise, i.e., checking the variations of the
e(t) = Z [|state(c, t)||? (2) results when adding noise in the experimental conditions of
e=1 the development, and scalability, i.e., running the dgwelent

in larger environments without any further optimization.

The developmental model used hereafter is a cellular au-
tomaton on a fixe®2 x 32 grid, with von Neumann neighbor-
hood. All cells start with the same initial condition (these
no spatial growth). Each cell is endowed with an update rule
modeled after a discrete-time (possibly recurrent) Aitfic

where||.||? the Euclidean norm in the state space.

The averagee(t) and standard deviatioar(t) of the
energy of the organism at time are then computed using
a time window of sizek:

_ 1 < , Neural Network (ANNs) with sigmoidal activation function
elt) = k Z (i) 3) that takes as input the concentrations of chemicals frofoits
=tk neighboring cells, and provides continuous output valuwes f
1 < NN chemical concentrations and differentiation (gray scalell
Var(t) = i Z (e(i) —2(t)) (4) determining the final 'color’ of the cell for comparison with
i=t—k the target 'flag’). The genotype of the organism describes
The development then stops at timeheneveVar(t) < e, the neural network, that is common to all cells. All cells
for a user-defined threshold also share the same initial activation: the model is that of

In practice, a time window of size at leakt= 16, with @n homogeneous continuous automaton. The choice of ANNs
a tolerances = 1015, were experimentally found sufficient@s controllers is motivated by their well known theoretical

for all experiments presented in the following. Furthereyars Properties [41] and by the availability of efficient and wige
expected, all organisms that were evolved using this stgppi€Cognized neuro-evolution algorithms [78]. .
criterion actually remain stable even if many more iteragio WO neuro-evolutionary algorithms will be under scrutiny.
were allowed. First, the state-of-the-art NEAT algorithm (Section V), iafn
After the energy measure has been defined, the issuei%rfecqgnized as a standard for comparison; Second, aivariat
enforcing stable development within a finite time is yet to bgl & simple neural-network based approach where the focus
addressed. Indeed, some candidate controllers might EeadSt Put on heuristics to build up relevant inputs, inspired
periodic or chaotic dynamics, and no steady state will evBPm reaction-diffusion systems (Section Vl). In each cfsb
be reached in such a case (this is particularly true in tR@proaches, robustness issues are investigated andsaidcus
early generations). In order to address this issue, an upfe0th setups, the evolved part is the cell controller ffsel
bound for the maximum number of development steps i§- the weights and/or topology of the neural network that
enforced. This bound is one order of magnitude above tA¥PS Cell inputs (i.e. incoming chemical concentratioms) t
number of iterations that would be necessary for all cells !l outputs (i.e. emitted chemical concentrations anégol
communicate. For instance, for the x 32 patterns considered ~Investigating two different controller types is motivatby
in the following, the upper bound is set %,,, = 1024, i.e., several cons.|derat|_on§. Flrstly, the relevanceT pf the gner
long enough to allow a signal to traval times from one Pased stopping criterion with respect to efficiency and ro-
side to the other of the organism. Organisms for which tH&IStness must be clearly identified and separated from pos-
developmental process never triggers the stopping ccriteris!b|e bias f_rom the c_ontroller mode_l. Secondly, th_e intrin-
within the maximum allowed number of development iteraSiC mechanisms required, and possibly evolved with NEAT
tions are heavily penalized, and are likely be eliminated @€ investigated from a different perspective by consiggri
next selection steps, at least if some other genotype ddl fulfaction-diffusion communication scheme and a simple imult
the developmental stopping criterion. Iay_er Perceptron as co_ntr_o_ller. This enables to pinpoist th
Note that the stability is only indirectly enforced in themain difficulty when optimizing the cell update functiore(i.
fitness, as no explicit (un)stability measure is added to tff2é communication scheme) and also provides some insights
fitness, introducing an additional parameter to balancedst  INto the balance in the trade-off between what can be hand-
matching accuracy and stability. Here, the accuracy fitiesscoded in the model and what should be left for evolution to
only computed after stability has been reached: The underfPtimize. _
ing hypothesis is that stable developmental sequences mudiext two Sections V and VI follow the same overall
be enforced even before the matching error is minimizeBganization, starting with a description of the model amel t
Evolutionary search for accuracy only occurs within stabf@Ptimization method, then presenting the particular eteme

phenotype, in order to address robustness issues. of the experimental setup, and finally discussing the result
Lastly, Section VII provides an in-depth study of the energy

. i stopping criterion, focusing on the specific dynamics of the
B. Methodological and Experimental Roadmap developmental systems. In particular, development with a
The rest of the paper aims at experimentally validating thHixed number of iterations, a usual practice in the literatur
energy-based stopping criterion. Next two Sections deeai is revisited from this perspective. Other alternative rodth
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: . . TABLE I
are reviewed, too, and elements of comparison are provided. NEAT PARAMETERS
Importantly, the hypothesis underlying the present wonkat t
relates stable development to robustness, is validated and Population size 500
discussed Max. number of evaluations 250000
) Reproduction ratio per species 0.2
Elite size per species 1
V. NEURAL NETWORKS AS UPDATE FUNCTIONSNEAT Crossover prob. 0.15
. . . . Add-node mutation prob. 0.01
Th!s Section presents a first set of experiments, uNEgT Add-ink mutation prob. 0.01
algorithm [75] to optimize both the topology and the weights Enable-link mutation prob. 0.045
of the discrete-time recurrent ANN that controls all celfs i < Disable-link hmutatlon prob. - 060;15
. _ H aussian weights mutation prob. .
the fixed IayOUt organism. Std. dev. for Gaussian weight mutatign 0.1
Uniform weights mutation prob. 0.01
A. The model Distance parameters for fitness sharipgl.0 — 1.0 — 0.2
At a given development step, each cell receives some . -
inputs (chemical concentrations from neighbor cells),aipd i B
its internal states (the activation values of all neurons of IIIIII
its own ANN controller) and emits outputs (the chemical
concentrations it will send to its neighbors at next stepl, i two bands| three bands

‘color’). The chemical concentrations are received andtechi
instantaneously (there is no delay between steps), ancethe ¢
'color’ is a single real value that is interpreted as its caio be
compared to the corresponding pixel color of the target shap disc half discs
(Equ. 1). All values lie in[—1, +1], except for the cell color,
which is linearly normalized irn0, 1]. Initially, all chemical
concentrations are set to zero. The organism is updated in

a synchronous fashion: all cells are updated synchronpusiyid optimized usindNEAT. They differ by the type of ANN

by taking as inputs the current chemical levels of their foyfeedforward or recurrent), and the number of chemicals
neighbors, and using their ANN controller to set the ChehﬂC@xchanged between cells (1 or 2), and are respectively terme
levels they will emit at next step, and update their colore Th | 1_ffwq, for feedforward ANN, using 1 chemical;
development stops according to the criterion defined ini@®ct , 1_recurr, for recurrent ANN, using 1 chemical;

IV-A, i.e., it stops whenever the standard deviation of the | 2 tfwd for feedforward ANN, using 2 chemical:

energy over the last6 steps is below0~'%, or the maximum | 5_recurr, for recurrent ANN, using 2 chemical.

number of steps is reached. The fithess is computed accordin@:lassically,
to Equ. 1, and penalized by a large value if the energy ooiteri

d'ql_ROt trlgge_r bt_eforeft?he rr'l\a&(ll\lmumtnulrlnbe_r ?]f Stglpsd. b causes of error in the proposed approach:rtaeleling error
E Iet_Op |m|zAa| 'On.tﬁ i' contro erlls ar;_ el gml"?“hhere might not exist any fixed point of the multi-cellular
volutionary Aigorithm. FOwever, several practical Sesll developmental systems under study that can approximate the

[12], [33]. [75] have demonstrated that the topology C"]‘l.r?;lrget image); and thmethod error(even if a good solution

haye a critical w_npact on t_he perf_ormance of an ANN, d oes exist, the evolutionary optimization of a neural nekwo
spite the theoretical properties of simple feed-forwarttEg- usingNEAT might not be able to approximate ifjlumerical

trons. Furth_ermor_e, the s_tate-of-the-_art Evolutlonanyomlthm_ errors will be neglected here.
NEAT [75] is easily available, and is well known to provide In order to try to discriminate between the modeling error

efficient results on a wide range of tasks. It was hence Chosfrﬂj the method error. a fifth model is also considered: it in-

here. : . X
L volves no chemical, nor any exchange of information between
NEAT enables _the optlmlzatlon Of.bOth feed-forward anﬂeighboring cells. Instead, all cells receive as inputdrthe
recurrent topologies. It relies on a direct encoding of akur

network topologies, that are evolved using a non-stand
evolutionary optimization engine. The main featureNEAT informed), it nevertheless provides an upper-bound basel

is that it explores the topologies from the bottom-up: stgrt Eﬁr evaluating all other experimental setups. In the folray

from the simplest possible topology for the problem at han e results of this model will be considered as referenadtes
it performs variations by adding neurons and connections AQ

the existing network in such a way that the behavior of t
network is preserved as much as possible, thus exploring f
space of topologies in a conservative manner.

Fig. 3. The four32 x 32 targets used for the experiments

like for most computational approaches to
complex system modeling, there are (at least) two possible

it is not expected that any developmental approach can eve

eat a totally informed model if using the same optimization

Bl. This experiment is termedeat-non-defrom now on.

All five models described above are run on the four target
. patterns showed on Figure 3. These targets are looselyaaspi

B. Experimental Setup from existing experimental settings, and provide chakeng

In order to explore different flavors of the developmentalf gradual difficulty, from the easywo bandstarget to the
model at hand, four instances of this model are consideradgre challenginghalf-discstarget. All results presented in
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H M “ - reach a score betwedi—! and8 x 1072, quite far from the

o | s A results of the non-developmental approach. Also, convege
tip 2l s el

4 ster;;s 11 steps| 17 steps| 22 steps

is much slower than for thievo bandsandthree bandsargets.
Last, the half discs target is by far the most difficult

Fig. 4. Self-healing on the three-bands problem for themectt NN and 2 target. The non developmental approach reaches a matching

chemicals score slightly above0~2. The developmental approaches do

improve a lot the initial candidates solutions, howevelist

the following are statistics gathered over 16 independams.r around? x 1071, )
NEAT was used with its default settings, recalled in table 11, Solutions have also been evaluated with respect to ro-
It is worth noticing that during all runs, no bloat (i.ePustness. At some point during the development, a random
uncontrollable structure growth with no functional ad\ages) Perturbation, following a centered Gaussian with unit stan
was ever observed withiNEAT genotypes. The mean size 0pard deviation distribution, is multiplicatively appligd the .
the networks (measured by the total number of edges betwddgmal stetes of all neurons, and to the current chemical
neurons) gently grew from its starting value (between 5 ahd goncentrations. Development then proceeds fro_m the ertiur
depending on the model) to some final value below 40 — tifiAte- The good news is that for all perturbatiob80% of

largest experiment reaching 45. This first result confirmes th1€ organisms with feedforward controllers ané% of the
robustness of this optimization tool, but also, to some rexte °'9anisms with recurrent controllers converge backxactly

demonstrates the well-posedness of the problems thate githe same global state that was reached before perturbation.

to NEAT (bloat during ANN topology optimization can be a! he remaining 25_% of organisms with recurrent controllers
sign of over-fitting some ill-described data). do not actually fail to be _robust though: they all converge to
a global stable state that is rather close to the target #ate
example of perfect and fast self-healing for ttheee-bands
problem is shown in figure 4.

Figure 5 shows that for each target, the method was ableThis Section has demonstrated that it is possible to get
to provide stable results. The first consideration is that akliable results for the developmental system at hand by
runs were successful at finding self-terminating develagtale using the energy-based stopping criterion, with regardeth
sequences. Also, it could be feared that hundreds of iterati pure efficiency and robustness to noisy initial conditioFtse
would be needed before stabilization even for the best SONEAT algorithm used to provide the ANN controllers for the
tions found by the algorithm due to the hard-coded limitatiocell update function performed well on all the benchmarks.
of 1024 developmental iterations. The fact is that all thhowever, several issues remain to be addressed. In particul
evolutionary runs showed that the whole population quickiie impact of using NEAT algorithm must be studied so as
features a large majority of organisms that do stabilizéiwit to ensure that stable developmental process are not due to a
a few dozens iterations. For the easyee bandsproblem, hidden intrinsic bias in the evolutionary process. Thisiéss
around 40 iterations are enough, whereas for the more difficis addressed in next Section, where NEAT is replaced by yet
half discs problem, about 120 iterations are needed (arghother neuro-evolution algorithm. Note that this movelse a
enforced by evolution in all runs). motivated by one of the only drawbacks of NEAT, namely the

The coordinate-informed non-developmental approach alificulty to set up its many free parameters.
ways provides better matching scores with less evaluations
This was of course to be excepted, since the problem solved
through development is by far harder. The non-developnhenta
solution provides an over-confident bound of the difficutty t In the previous Section, relying on NEAT made it possible
match a given pattern using a given optimizer. to consider the problem as a black-box optimization problem

The two bandstarget seems to be an easy problem: thge. the algorithm provides a solution without any backgrd
convergence is very fast for the four settings, and the aoyur knowledge from the expert). While it represents the adwgmta
quite close to the that of the non developmental approadi. simplicity from the expert's viewpoint, it also ignores
Three of the four models reached a pattern matching scorepoissibly relevant mechanisms and/or principles that could
10~3, which is a qualitatively convincing match. be beneficial to development. Even worse, common required

Results with thehree bandgarget are less enthusiastic: thdeatures in the update function will have to be rebuilt foy an
median best solution does not reach ti9e® matching score, new problem. This Section investigates breaking the update
although some of the runs actually did. All 4 settings tenfdinction into multiple functional units, so as to relieveeth
to lead to optimization that stalls afté0 000 evaluations optimization process.
around a2 x 10~2 matching score. In contrast, the non One of the candidate general mechanisms for doing so
developmental approach can still reach a pattern matchiisgdiffusion [60]: diffusion is relevant whenever (linear or
score of10~2 in less thanl50 000 evaluations. radial) gradients and associated variations are requifed.

Things get even worse for thaisc target. Even the non- some extent, this is similar to what is observed within rieact
developmental approach does not reaéh® anymore: the diffusion systems. Indeed, the proposed implementation of
median score is abovi#)~? after250 000 evaluations, though the diffusion process actually mimics a discretized regeti
the runs are not yet stalled. The developmental approacldiffusion system.

e
step

C. Results and discussion

VI. A DIFFUSION BASED APPROACH
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A. The model written as||u||?+]|v||? (and the energy of the whole organism

A cell state is a pair of two vectoréu,v), wherew is 'S the again sum of the energy of all its cells). .
the vector of external chemicals, and has elements, and N the experiments presented below, a single chemical
v is the vector of internal chemicals. witN elements. The configuration is experimented: the cell states are made of
internal chemicals of a cell are used to compute the behatior- INtérnal and 2 external chemicals. Note that this is much
this cell from the concentrations of nearby external chaisic SMaller than the 10 to 40 states (neurons activations) per ce
— replacing to the use of neural networks as controller fat were evolved by NEAT. The update function is a multi-

previous Section. Here again, the values of all coordinat@y€r Perceptron with 8 hidden units, i.e. genome consists
of u and v are in [~1,1], and are initially set to 0, and of 111 real values (107 for the update function and 4 for

the update function is applied to all cells in a synchrono(i@€ expression function). The optimization is performeigis
fashion. The inputs are the externahd internal chemical the out-of-the-box recent version of CMA-ES algorithm [1],

concentrations: the internal state remains local to thendgle  the state-of-the-art algorithm today for stochastic quuus

the external chemicals are received from its four neighbd?Btimization. Beside being efficient, CMA-ES also features
(von Neumann neighborhood). The update function outpX&"Y robust default parameters that generally do not requir

the new internal and external chemical values, the lattergbe @1 fine-tuning. For each experiment, 32 independent runs ar
sent to all neighbors, as follows: performed, with a maximum dfo’ fitness evaluations for each

run. Compared to the NEAT-based approach, there are very
A j(t) = fulwirrj(t),uio (), ui i (t), ) few specific parameters to tune her&f, N and H which
Vi (8), i1 (), i g1 (1)) controls the complexity (thus the compactness) of the model

u; i (t+ 1) = tanh(u; ; (t) + A, ; (1)) (6) B. Results and discussion

The median, maximum and minimum of the fitness over the
Vi i (1) = ol j(t),uim (), ui (1), number of evaluations for the 4 target patterns are predente
Vi3 (8) s g1 (8), wis 1 (1)) (™) in Figure 5. On the simpléwo bandstarget, the diffusion-
BN I based model does not have the strong bias of NIEAT-
Both functionsf, and f, are encoded as a simple feedbased approach. This is easily explained: the Perceptreah us
forward Perceptron with one hidden layer, using the hyplerboas an expression function in this model relies on a fixed
tangent as activation function. If the Perceptron Rakidden transfer function, the hyperbolic tangent. This functienai
units (and each neuron one bias input), the update functien hather gentle steep function, so obtaining sharp gray level
AM+N+1)-H+(H+1)-(M+ N) parameters. When atransitions requires a lot of fine tuning from the optimizer.
neighbor is missing (i.e. cells at the border), the missiqyits On the opposite NEAT can build very steep functions by
are set to 0. Furthermore, before computing the cell updaitgking neurons in long chains. Evolving a steepness pat@me
function, a Gaussian blur function with a radius of one ifor the expression function may help to solve this issue, but
applied to incoming external chemical values from neigBbotthis remains open at the moment. This bias does not appear
This low-pass filter stands for a rather crude diffusion pssc on thethree bandgarget runs, despite the sharp edges: The
The expression functiorp computes the cell color by third gray band is difficult enough to build from the very
interpreting a pre-defined internal state (definedOinl]) as poor information brought by the fitness function. However,
a gray level color information, according to the followingesults of the diffusion model are comparable with those of
equation: the NEAT-based approaches. Interestingly, ondfse target,
the diffusion-based model obtains the best results: indaed
d(u,v) = 1 (1 +tanh(sy - u + sy - U + Spias)) (8) circle is easy to build using isotropic diffusion. Finaltgsults
are also improved over the previous approach orh#iediscs
This corresponds to a single layer Perceptron with onarget.
bias input, wheres,,, s, and s;,s are the synaptic weights. Overall, except for the eagyo bandgarget, the diffusion-
As a consequence, the expression function hbs- N + 1 based model reaches better pattern matching scores with
parameters. fewer evaluations than the NEAT-based approach. Further-
Such a model can be viewed as a time- and space-discretipgaie, it should be emphasized that the diffusion-based ap-
reaction-diffusion system. Diffusion is approximated by groach reaches similar scores with only three states pkr cel
Gaussian blur pass, and all chemicals have the same diffustompared to the 10 to 40 states per cell that resulted from
constant. The update function plays the role of the locairche NEAT optimization. Accuracy-wise, the diffusion-basedaeb
ical reaction function, but also acts as a Laplacian operatappears from comparable to clearly superior to the NEAT-
As a consequence, it would be possible to tweak the diffusibased approach, as show on figure 5.
process, and to allow anisotropic diffusion. Furthermore, all solutions found with the diffusion-based
The stopping criterion for the development phase, as beforeodel also demonstrate excellent stability propertiehult
is based on an energy measure of the whole multi-cellulaess to initial noisy condition was shown to be comparable to
organism defined in Section IV-A. For this diffusion-basegdrevious achievements. Small Gaussian noise (with stdndar
model, the energy of a single cell (see Equ. 2) can also deviation of10~!) added to cell states during the development
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Fig. 5.

The boxplots show the distribution of the best patteratching score obtained by our runs, for each pattern aod approachesneat-1-ffwd

neat-2-ffwd neat-1-recurrand neat-2-recurrstand for our experiments with NEAT and general neural netsyceither feedforward or recurrent, with one or

two chemicalsmlp-diff stand for the diffusion based approach.

TABLE Il
TIME TO STABILIZATION AND SCORES OF THE BEST EMBRYOS OBTAINED
WITH THE DIFFUSION-BASED METHOD USING THE ENERGYBASED
STOPPING CRITERIONWHEN THE 4 FIRST STEPS ARE PERTURBED BY AN
ADDITIVE GAUSSIAN NOISE OF STANDARD DEVIATION1.0

nb steps similarity
two-bands | 444.095 £ 232.781 | 0.053 & 0.066
three-bands| 343.312 +221.968 | 0.063 £ 0.083
disc 854.656 + 405.681 | 0.060 4 0.012
half-discs 639.0 4+ 298.515 0.186 4 0.037

TABLE IV
TIME TO RE-STABILIZATION AND SIMILARITY SCORES OF THE BEST
EMBRYOS OBTAINED WITH THE DIFFUSIONBASED METHOD AND THE
ENERGY BASED STOPPING CRITERIONWHEN THE 4 STEPS AFTER
STABILIZATION (I.E. STEPS1024, 1025, 1028ND 1027)ARE

PERTURBED BY AN ADDITIVE GAUSSIAN NOISE OF STANDARD DEVIATION
1.0. IN THIS CASE, THE FULL DEVELOPMENT SEQUENCE IS ALLOWED TO

LAST 2048 STEPS(NUMBER OF STEPS TO CONVERGENCE IS COUNTED

FROM ITERATION 1028).

nb steps similarity
two-bands | 442.25 £ 224.797 0.042 4+ 0.025
three-bands| 315.406 + 200.433 0.059 4 0.051
disc 706.094 + 236.428 | 0.0560 + 0.011
half-discs | 693.226 £ 308.911 0.183 4+ 0.032

only slows down the convergence, but the resulting pattern
is nevertheless close from the target pattern. If some farge
noise is added (standard deviation 1), the flag quickly
recovers the target pattern. Tables Il (resp. 1V) show timet

to convergence and final matching score in the context of
perturbations at the beginning (resp. end) developmembtin
cases, not only all embryos recover from perturbations, but
timings and scores are also comparable to what was obtained
in the unperturbed conditions. Even though the qualitative
and quantitative results remain mostly stable (as illtistta
by Figure 6), the dynamics may also be slightly different,
and some organisms might converge to different attractss (
illustrated by Figure 7) even though resulting in a pattezryv
similar to the target. To a lesser extent, this latter phezroon
was also observed with thdEAT-based model (results not
shown here).

The diffusion-based model features stable development,
comparable or even better than with the NEAT approach,
but with much fewer parameters and faster convergence —
this advocates the relevance of the diffusion process as a
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Fig. 6. Diffusion-based method: Energy of the cells oB2 x 32 flag,
controlled by the best controller found during one of theiroation runs.
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The target pattern is thbalf-discs pattern. Each time the variance of the
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32 x32 | 48x48 | 64 x64 | 32x 64 | 64 x 32

Fig. 9. The diffusion-based controller resulting from artimzation for
the 32 x 32 disctarget is used in different grid sizes. The development stil
features a stable attractor for all grid geometries. Note rthn-homothetic
scaling of the pattern: the corners keep their round shapde vthe side
limits between black and white remain straight.

relevant mechanism in this setup, which was earlier left for
optimization to discover. Also, reusing an optimized cotér

with a diffusion-based model in different flag sizes does not
break that stability property. An example of final stabldesta

in environments of varying size are shown in figures 8 and
9. Indeed, the gray levels and some features of the patterns
are preserved (like the bands of the band patterns), even if
the original relative proportions of the pattern shapesi@st
While this phenomenon has been observed with the NEAT-

energy over 16 steps is belloh0—1%, a zero centered Gaussian noise wittbased model, the current diffusion-based model furtheblesa

deviation 1 is added to all states of all cells, resulting in an energkespi
After such bursts, the energy always returns to the samé Isite a damped
oscillations dynamic. Thus, the optimized controller seetim have a very
strong attractor, encoding the final solution.
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Fig. 7. Diffusion-based method: Energy of the cells oBa x 32 flag,
controlled by the best controller found during one of theirofation runs.

8000

The target pattern is thbalf-discs pattern. Each time the variance of the

an easy homothetic scaling of the pattern: Without any &urth
optimization, a simple adjustment of the diffusion process/
perform a Gaussian blur of radius 2 for a flag stretched by a
factor 2.

VII.

In previous Sections, all proposed models relied on update
function optimizers that always target development towaad
steady state. Although those steady states are not alwalyalg|
attractors, they are at least local attractors. In thisiGecthe
objective is both to evaluate the possible pros and conseof th
energy-basednethod as well as to advocate its relevance with
regard to generalization issues. This Section intendslidate
the hypothesis underlying the link between the proposed
halting method and the robustness issues that arise wheq usi
the experimental setup proposed in Section V-B. The goal is
to study the influence of the number of development steps and
of the stopping criterion on the accuracy of the results d§ we
as on the stability of the solutions with respect to fauletaht
and self-healing.

In order to conduct these experimental studies, a set of
alternative stopping criteria taken from the literature ianple-

D EVELOPMENT AND STABILITY

energy over 16 steps is bellon0~ 15, a zero centered Gaussian noise wittmented and tested against proposed the energy-baseariter

deviation 1 is added to all states of all cells, resulting in an energkespi
After such burst, the energy does not always return to theedaxel: The
optimized controller has several attractors. In that paldr example, each
attractor encodes a similar pattern, which is a slight tiaria of the (disc)
target pattern. This is not always the case, as differefiiestanergy levels
might encode for different patterns.

3232 | 48 %48 | 64 x 64 | 32 x 64 | 64 x 32

Fig. 8. The diffusion-based controller resulting from arimization for the

32 x 32 three-bandstarget is used in different grid sizes. The development

still features a stable attractor for all grid geometriekode attractors fit the
three bands pattern, with the correct gray levels. Howeber,width of the
bands are not the correct ones.

These methods are:

« The fixed method, that consists in setting an arbitrary
number of development steps. Values 16, 32, 64, 128,
256, 512, and 1024 steps have been used. This criterion is
both straight-forward and widely used (see Section IlI-C);

« Themulti-step<riterion is an indirect criterion, that relies
on computing the fitness value as the average score over
a sliding time window (rather than one single evaluation
step). The number of development steps remains however
fixed (in the following:53, 57, 62 and63 for each patter
respectively, after preliminary experiments), and the siz
of the averaging window for fitness evaluation is manu-
ally fixed (4 in the present experiments). The underlying
idea is to enforce the accuracy of the matching during
all considered steps, thus hopefully guiding development
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towards a stable state, as originally advocated in [62] The conclusions of this series of experiments are that if
and [80]. the only important optimality criterion is the similarityithr
« The self-tunedcriterion let evolution decide of the num-the target pattern, théxed stopping criteria with small de-
ber of developmental steps by adding it to the genotypeglopment times clearly perform best. Those runs reaclebett
as in [10]. This enables evolution to adjust the develogeores within fewer evaluations and fewer developmentsstep
ment length to the level of complexity required by th¢hus using much less computer resources. &hergy-based
target pattern; criterion still provides the advantage of natural develepin
In the following, all experiments are performed with théermination. However, the advantage of such a feature, i.e.
diffusion-based model, described in Section VI. The expefased on the assumption that a stable development provides a
mental setup is the one described in Sections V-B and VI-key advantage for generalization, remains to be demoasirat
one internal and two external chemicals, and four targend is the subject of next Section.
patterns. All results are compiled froff9 independent runs
and development lasts at mdsi24 steps. The previous resultsg  pagylts: Generalization

running the non developmental version using x/y coordmate ) . o
is also featured for reference (termed "non-dev" for short) In this Section, performance on generalization is evatliate

The end of this Section details comparative results betwedjjhin a self-repairing .s_cenaﬁo For each target and each
the proposed energy-based stopping criterion and theeierit Citerion, the best individual from each of th# runs is
listed above. Section VII-A is concerned with the accuragvaluated (i.e., the development process is rié)times,

of the results (i.e. matching score in the flag problem), afgsulting in a total 029 + 16 = 512 developments per method
Section VII-B presents the results related to generatizati Pe’ target. The experimental setting for the developmental
process is as before, except that the number of developmenta

A. Results: Accuracy steps is set t0l024, and the three first steps are strongly
Jgrturbed by a centered Gaussian noise of standard deviatio

of each evolutionary run and for each setup. Results are Perturbation occurs at the level of inputs, outputs and

gathered from29 independent runs and each evolutionary ruffitérnal states within the whole organism, in order to start
is stopped after a maximum 6 evaluations. Results shown!’om a random position. Two complementary evaluations are

for energy-basetorrespond to the earlienlp-diff variant. conducted: the best performance after recovery disreggrdi

The fixed methods are either comparable or better thattabilization and the performance after stabilization méwer
the proposecnergy-basednethod on all setups. Also, therelt ta.kes place (i.e. limited to runs that stabilize).
appears to be a strong relationship between the developmerfti9ure 12 shows the best performances after recovery.
time and the median distance of the expressed pattern§Sults shown are the best matching scores withinltie
the best controller to the target pattern, shorter devetayim St€PS: AS opposed to the pure performance setting, therlonge
duration clearly leading to better performance. This iseiei fixedmethods and thenergy-basedethod clearly outperform
a notable fact as a developmentidfsteps is the lower bound @l other methods.
for required time to create2 x 32 flag: it is the time required  R€garding stability, table VI shows the percentage of stabl

for chemical waves from the borders to meet at the center velopment for each method and setup. Results are close,

the flag. Results for theulti-stepsandself-tunedmethods are €ven if slightly degraded, to what was presented earlies: th
the worst for all target patterns. energy-basednethod still rates higher than other methods

The issue of stable development is addressed in table '¢garding stable developments. Moreover it was obserd th
This table shows, for the different stopping criteria, thfr @ given evolved solution, eitheall or none of the 16
number of developments that naturally end up in a stadf&Periments provided stable results, and stopped at +tep8 s
state: whatever the initial experimental setup, all depeients around the same iteration as far as stable development was
are allowed to go forl024 steps (e.g. thdixed-16solution considered.
develops for1024 steps unless a stable state is reachedLastly, performance after stabilization is consideredicivh
before). A first comment on these experiments is that tié course implies only a subset of all developments. Figire 1
best performance isiever found after the initial iteration Shows performance results after stabilization, and shoeld

limit, e.g., thefixed-16best performance is always measureifitérpreted alongside the previously mentioned table . r
before, or at, iterationi6. An example of development for Sults are shown in Figure 13 whenever at least five candidate
the fixed-16 criterion is provided in Figure 11. Note thatSolutions converged to stable configuration, and the mblss_t_
the energy-based criterion is the only one whose solutiofresults strongly depends on the actual number of stabiliz
reach100% stability. However, thdixed method with short Solutions. From this viewpoint, thenergy-basednethod not
development time perform relatively well, with more tharfha@nly provides the most stable runs, as already seen above, bu
of the developments naturally terminating, except for thogem . o . I
difficult half-disc target. As for the rest of the runs Stiljbiis It is _worth mentioning that generahzathn with respect palabﬂny (i.e.,

! : get. A ' the ability to stabilize and generate meaningful patterth wéspect to some
only occasionally reached. This is true even for tingti-steps simple transformation of the original target when the sifetre grid is

method. for which the stability rate seems independent of tifcreased) was studied in the first author's PhD [13], butds considered
’ to be in the scope of this study, as performance is strondbtee to the

target shape, pUt remains sparse (at rio%s of developments definition of scalability. For example, homothetic tramsfids but one possible
naturally terminated). interpretation of scalability.

Figure 10 shows the matching scores of the best individ



IEEE TRANSACTIONS ON EVOLUTIONARY COMPUTATION 13

0.25} o - = 025
5 8 — T
|
£0.20 £ 0.20 i
g 8 |
g © .
g g
50.15 o © 0.150
il 8
3 ! £
5 w s \
g 0.10 o | - g 0.10f | i
< | l l < ° :
° o . : ‘ & - § o !
a | a i 8 _ h -
L —_ - l ! ] L - o |
e R 005 B - = == = = 8 =
. ! ! o — o
5 = [ R 8 6
| B ‘
0.00 0.00
A Qv > ¢ © 2 '3 > o > N © v > 5 © ‘3 u > o >
& > > 8° < i 4 4 ¢ K & & 1N N 2 ~V 04 e v < &R &
& ¢ & ° & &L L EE & < & & & & <& L 2 ENI, & <
5 5 5 e & S & IS 5 5 o & S &
e e
0.25] 025 _ '
T T
| R —
o N
£ 0.20f € 0.20F - - T —_ |
: : L =
g g ‘ ! ° ¢
8 0.15F & 0.15} o
8 ] l ! o
: o 0 e | A °
8 o 8 | i ' o
g 0.10f 8 - — g 0100 | . . ' -
< ‘—:‘—| e ! - 1 I
© © 1 o
R R S N S = = i | = A
1 Q 1
0.05} 3 E El = 3 1 0.05} ! o
o o o o
i ] o 8 jg» -
. — a0 o |
= £ I 8§ e =
0.00—F o b 2 2 ; . . 0.00— 0 o . . . . .
: Y © 0 > > © o & > o > ' Ry © o ™ Y ) 2 o > - >
© K 3 K & & N & & 13 o5 o K K & & SR & &
& & & o ) +®b ) +26 ) +cb é}'\r & *&\,‘o $S & &2 &2 & ) +®b +Zb »+®<’> zb'\ & {ol" W
5 5 5 e & S o IS 5 S e o S S
& &

Fig. 10. Boxplots of the scores of the best solutions forowsistopping critera:fiked self-tunedand multi-steps The last column is a reminder of the
results obtained when using the energy-based critenap-(liff in previous Figures).

TABLE V
MONITORING STABLE DEVELOPMENT. NUMBER OF EMBRYOS(AMONG THE 29 SOLUTIONS FROM THE29 INDEPENDENT RUNS THAT STABILIZES
WITHIN 1024 DEVELOPMENT STEPS FOR THE EXPERIMENTS WITH VARIOUS STOPPECRITERIA (fixed self-tunedanD multi-step$. STATISTICS ARE
GATHERED USING THE BEST INDIVIDUAL OF EACH RUN THE LAST COLUMN IS A REMINDER OF RESULTS WITH THE ENERGYBASED CRITERION(mIp-diff
IN PREVIOUSFIGURES).

fixed | fixed | fixed | fixed | fixed | fixed | fixed | self-tuned multi-steps energy

16 32 64 128 256 512 1024 (53,57,62,63) based
two-bands 13 14 9 0 0 0 0 11 29
three-bands| 15 13 22 8 2 0 3 9 29
disc 22 21 16 10 4 7 11 10 29
half-discs 1 4 6 4 0 1 3 14 29

TEEEu )
COdCQdE33 AR

Fig. 11. Sequence of the expressed pattern of a flag comfrofimized to match théalf discstarget. Only the even steps are shown, from left to right
and top to bottom. Théixed stopping criterion was used during evolution, limited to déselopment steps. Note the really good matching at the Xep
and the unstable dynamics at further steps.

——
M 7
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Fig. 12. Self-repairing. Results show performance for ellps considering the best match duriri®4 steps. The first three iterations are perturbed with a
Gaussian noise of standard deviationlpthen development is continued until stabilization is hegt (or the maximum number of allowed steps). The score
for each development is the best match, and does not takedctmunt stabilization.

TABLE VI
SELF-REPAIRING AND STABILITY. NUMBER OF EMBRYOS(AMONG THE 29 SOLUTIONS FROM THE29 INDEPENDENT RUNS THAT STABILIZE WITHIN 1024
DEVELOPMENT STEPS AFTER PERTURBATIONNOTE THAT NUMBERS GIVE THE AMOUNT OFruns THAT SUCCEEDED NOT THE TOTAL NUMBER OF
DEVELOPMENTS(I.E. ONE SUCCESSFUL RUN MEANS ALLL6 DEVELOPMENTS SUCCESSFULLY STABILIZED.

fixed | fixed | fixed | fixed | fixed | fixed | fixed | self-tuned multi-steps energy

16 32 64 128 256 512 1024 (53,57,62,63) based
two-bands 13 13 8 0 0 0 0 6 10 28
three-bands| 15 10 20 9 3 1 4 4 9 28
disc 20 21 17 8 4 8 10 2 9 23
half-discs 0 2 5 3 0 1 5 8 12 26

also repeatedly displays the best performance, with oaeabki by-step evaluations to identify which (possibly transjestate
exceptions where it is nevertheless comparable to the othepresents the best solution. From a practical perspective
approaches, despite the fact that the lack of reliable datem relying on a fixed stopping criterion that does not corresbon
these results difficult to assess (e.g. stopping critixied-64 to a stable state makes it difficult to reuse the evolved golat
to fixed-1024for the disc target only provide a small numberin a different context: using noisy initial conditions may
of stable runs). require an arbitrary larger number of iterations, whichrazn

To conclude, while theenergy-basednethod does indeed be "guessed" a priori by the supervisor. This price may also
pay the price for evolving self-terminating solutions, is@ b€ prohibitive depending on the problem at hand if fitness
ends up addressing several issues when it comes to gef¥fluations are particularly expensive (e.g. if computing
alization and self-repair: it provides good and competitifith€ss requires an important amount of computation (see
recovery performance and makes it possible to avoid a stdpt example [16])). From this perspective, teaergy-based
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Fig. 13. Self-repairing and stability. Results show perfance for all setups considering the best match after stafiin (i.e.only run that stabilize are
considered — empty data means no run stabilized. See talfigure VI for the number of successful riin¥he first three iterations are perturbed with a
Gaussian noise with standard deviationlgfthen development is continued until stabilization is heat (or the maximum number of allowed steps). Only
runs that stabilize are taken into account here.

method benefits from the self-termination properties withoable to produce stable development patterns within a rea-
requiring any additional costly fitness evaluation. sonable number of iterations with regards to the image size
(requiring roughly a number of development steps equal
to two or three times the number of iterations required to
diffuse information from one corner to the other). In preeti
This paper addressed the issue of robustness in muiidividuals are selected in the early steps of the evolatipn
cellular developmental systems, claiming that the stappirocess on their unique ability to provide stable developtne
criterion of the developmental process is the key to at ledben performance is gradually taken into account when almos
certain types of robustness. Our hypothesis is that theéstsexonly stable individuals remain in the population. This is a
a strong link between robustness and the ability for a mulgignificant improvement over previous works, that imposed a
cellular organism to self-terminate, i.e., reach a statdady fixed number of iterations as the only stopping criteriorthwi
state without any external stopping mechanism such as @ guarantee to converge towards a stable state indeed.
imposed upper bound on the number of development stepstHowever, the major contribution of this work regards the
The main contribution of this paper is to introduce a new@bustness of the resulting individuals, and the genextatin
stopping criterion based on monitoring the activity of theapabilities of the evolved cell control architecture. Tdest
organism, and penalizing organisms that never stop dewgjopevolved genomes have been put in different setups in order to
within a large time interval. evaluate how development occurs in such context. Two differ
Experiments have been conducted using various tar@ét settings have been used for thageosterioriexperiments:
shapes. The experimental results varied from perfect to-nea « Self-repair: this setup is concerned with the behavior
perfect matches. But more significantil| experiments were of the development process in the presence of noise,

VIIl. CONCLUDING REMARKS
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including the extreme case where all cells are completeiy]

randomly initialized;

« Scalability: this setup demonstrates the behavior of t
developmental process when the update rule is used in a

different geometric setting than the one it was evolved i[r116

(e.g., larger grids).

16

Alexandre Devert, Nicolas Bredeche, and Marc SchoenalRobust
multi-cellular developmental design. In D. Thierens et, a&ditor,
GECCO’07 pages 982-989. ACM Press, 2007.

5] Alexandre Devert, Nicolas Bredeche, and Marc SchoenauUnsu-

pervised learning of echo state networks: A case study iificat
embryogeny. InArtificial Evolution pages 278-290, 2007.

] Alexandre Devert, Nicolas Bredeche, and Marc Schoenadrtificial

ontogeny for truss structure design. @D proceedings of the Spatial

In both cases, experiments demonstrated that the proposed Computing SASO Workshop (SCW 20Q&)08.

energy-based stopping criterion repeatedly found soisti

with excellent generalization capabilities, from frequ&80%
self-repair to the ability to reach both stable and qualiedy
consistent patterns in a new environment.

Further experiments compared the proposed approach wit)
different alternatives from the literature and shed lighttbe
pros and cons of thenergy-basecriterion: enforcing self-
terminating development patterns indeed has a cost with [

spect to pure performance when compared to some of the more

(18]

straightforward methods. However, when it comes to regusif?1]
the evolved solution in different experimental conditipsisch
as addressing fault-tolerance, tlemergy-basedcriterion is
shown to be both competitive with, and often even better,than

the other criteria, and much easier to use, as self-termmmat

[22]

. L 2
avoids the constant monitoring of the actual performance [0?]
the developing solutions.

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]
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[13]

REFERENCES

Anne Auger and Nikolaus Hansen. A restart cma evolutitnatsgy
with increasing population size. roc. CEC 2005pages 1769-1776.
IEEE Press, 2005.

Rodger W. Baker and Gabor T. Herman. Celia - a cellulaedin

[24]

[25]

iterative array simulator. IfProceedings of the 4th annual conference[ze]

on applications of simulatignpages 64—73, 1970.

Wolfgang Banzhaf. On the dynamics of an artificial regoitg network.
In W. Banzhaf et al., editorECAL'03 pages 217-227. LNAI 2801,
Springer Verlag, 2003.

Peter Bentley and Sanjeev Kumar. Three ways to grow desig
comparison of embryogenies for an evolutionary design Iprob In
Wolfgang Banzhaf et al., editoiGECCQO'99 pages 35-43. Morgan
Kaufmann, 1999.

Peter J. Bentley and Jonathan P. Wakefield. Generic gopary design.
Soft Computing in Engineering Design and Manufacturipgges 289—
298, 1997.

Gregory Beurier, Fabien Michel, and Jacques Ferber. Apimogenesis
model for multiagent embryogeny. Rroceedings of Artificial Life (Alife
X), 2006.

Josh Bongard. Evolving modular genetic regulatory reks. In David

[27]

(28]

[29]

(30]

B. Fogel et al., editorCEC 2002 pages 1872-1877. IEEE Press, 2002(31]

Josh Bongard and Rolf Pfeifer. Evolving complete agentsng
artificial ontogeny. In F. Hara and R. Pfeifer, editd#grpho-functional
Machines: The New Species (Designing Embodied Intell®emages
237-258. Springer-Verlag, Berlin, 2003.

Chris P. Bowers. Simulating evolution with a computatb model
of embryogeny: Obtaining robustness from evolved indigldu In
M. Capcarrere et al., editoAdvances in Atrtificial Lifepages 149-158.
LNAI 3630, Springer Verlag, 2005.

Arturo Chavoya and Yves Duthen. Using a genetic alparito evolve
cellular automata for 2d/3d computational developmenMIrCattolico
et al., editor,Proc. GECCO’06 pages 231-232. ACM Press, 2006.
Arturo Chavoya and Yves Duthen. Use of a genetic algorito evolve
an extended artificial regulatory network for cell patteengration. In
D. Thierens et al., editoiProc. GECCQO'07 pages 1062-1062. ACM
Press, 2007.

Yann Le Cun, John S. Denker, and Sara A. Solla. Optimaihbdamage.
In Advances in Neural Information Processing Systgmages 598-605.
Morgan Kaufmann, 1990.

Alexandre DevertBuilding processes optimization: Toward an artificial
ontogeny based approactPhD thesis, Universite Paris-Sud XI, 2009.

(32

(33]

[34]

[35]

(36]

[37]

0[17] Peter Durr, Claudio Mattiussi, and Dario Floreano. MNewolution with

analog genetic encoding. In Th. Runarsson et al., edBEN 1X pages
671-680. LNCS 4193, Springer Verlag, 2006.

Marc Ebner. Evolutionary design of objects using scgnagphs. In
Conor Ryan et al., editoRProc. EuroGP’03 pages 47-58. LNCS 2610,
Springer Verlag, 2003.

Peter Eggenberger-Hotz. Evolving morphologies ofidated 3d organ-
isms based on differential gene expression. In P. Husbardik &larvey,
editors,ECAL97 pages 205-213. MIT Press, 1997.

Peter Eggenberger-Hotz. Genome-physics interac®@a new concept
to reduce the number of genetic parameters in artificial ugml. In
Proc. CEC'03 pages 191-198. IEEE Press, 2003.

Peter Eggenberger-Hotz. Comparing direct and devedspial encoding
schemes in artificial evolution a case study in evolving Iehapes. In
Proc. CEC'04 pages 752-757. IEEE Press, 2004.

Nicolas S. Estévez and Hod Lipson. Dynamical blueprimxploiting
levels of system-environment interaction. In D. Thierehsle editor,
Proc. GECCO'07 pages 238-244. ACM Press, 2007.

Diego Federici. Using embryonic stages to increase ebavability
of development. In J. Miller, editorProc. GECCO Workshop on
Regeneration and Learning in Developmental Systems, WSRI(D4
ACM Press, 2004.

Diego Federici and Tom Ziemke. Why are evolved develgmrganisms
also fault-tolerant? In S. Nolfi et al., editdfrom Animals to Animats,
Proc. SAB’06 pages 449-460. LNCS 4095, Springer Verlag, 2006.
Nicholas Flann, Jing Hu, Mayank Bansal, Vinay Pateld a@reg
Podgorski. Biological development of cell patterns: Chteazing the
space of cell chemistry genetic regulatory networks. In Mp€arrere
et al., editor,Advances in Artificial Life pages 57-66. LNAI 3630,
Springer Verlag, 2005.

John Frazer. An Evolutionary Architecture Architectural Associa-
tion Publications, http://www.aaschool.ac.uk/publicas/ea/intro.html,
1995.

Pablo Funes and Jordan Pollack. Evolutionary bodydingt Adaptive
physical designs for robotdArtif. Life, 4(4):337-357, 1998.

Pablo Funes and Jordan B. Pollack. Computer evolutibhuddable
objects. In P. Husbands and I. Harvey, editdfsurth European Conf.
on Artificial Life, pages 358-367, Cambridge, MA, 1997. MIT Press.
Timothy G. W. Gordon and Peter J. Bentley. Bias and silitha
in evolutionary development. In H.-G. Beyer et al., editéroc.
GECCO’05 pages 83-90. ACM Press, 2005.

Timothy G.W. Gordon and Peter J. Bentley. Developmerings
scalability to hardware evolution. In Jason Lohn et al.tadiProc.
NASA/DoD Conf. on Evolvable Hardwarngages 272-279. IEEE Com-
puter Society, 2005.

Garrison W. Greenwood and Andrew M. Tyrrell.Introduction to
Evolvable Hardware: A Practical Guide for Designing Setiaptive
SystemsWiley-IEEE Press, 2006.

Frederic Gruau. Automatic definition of modular neuratworks.
Adaptive Behaviqr3(2):151-183, 1994.

Frederic GruauNeural Network Synthesis using Cellular Encoding and
the Genetic AlgorithmPhD thesis, Ecole Normale Superieure de Lyon,
France, 1994.

Frederic Gruau, Darrell Whitley, and Larry Pyeatt. Anggarison be-
tween cellular encoding and direct encoding for geneticalewetworks.
In John R. Koza et al., editoGenetic Programming 199®ages 8189,
Stanford University, CA, USA, 1996. MIT Press.

Hatem Hamda, Francois Jouve, Evelyne Lutton, Marc 8chaer, and
Michele Sebag. Compact unstructured representations dlut@nary
topological optimum designApplied Intelligence 16:139-155, 2002.
Hatem Hamda and Marc Schoenauer. Adaptive technigoegvolu-
tionary topological optimum design. In |. Parmee, edi®vplutionary
Design and Manufacturepages 121-132. Springer Verlag, 2000.
Gabor T. Herman and Wu-Hang Liu. The daughter of celia, french
flag and the firing squad. M/SC '73 : Proceedings of the 6th conference
on Winter simulationpage 870, 1973.



IEEE TRANSACTIONS ON EVOLUTIONARY COMPUTATION

(38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

(53]

[54]

[55]

[56]

[57]

(58]

[59]

[60]

Gregory S. HornbyGenerative Representations for Evolutionary Desigri61]
Automation PhD thesis, Brandeis University, Dept. of Computer
Science, Boston, MA, USA, February 2003.

Gregory S. Hornby. Measuring, enabling and comparinoduafarity,
regularity and hierarchy in evolutionary design. In H.-GeyBr et al.,
editor, Proc. GECCQO’05 pages 1729-1736. ACM Press, 2005.
Gregory S. Hornby and Jordan B. Pollack. Evolvidgsystems to [63]
generate virtual creature€omputers and Graphic®5(6):1041-1048,
2001.

Kurt Hornik, Maxwell Stinchcombe, and Halbert White. ullayer
feedforward networks are universal approximatofdeural Networks
2:359-366, 1989.

Rafal Kicinger, Tomasz Arciszewski, and Kenneth A. Dmng. Mor-
phogenesis and structural design: cellular automata septations of
steel structures in tall buildings. IRroceedings of the Congress on[66]
Evolutionary Computation (CEC'2004pages 411418, Piscataway, NJ,
6 2004. IEEE Press.

Rafal Kicinger, Tomasz Arciszewski, and Kenneth D.gloBvolutionary
computation and structural design: A survey of the statthefart.
Computers & StructuresB3(23-24):1943-1978, 2005.

Rafal Kicinger, Tomasz Arciszewski, and Kenneth DegloRarameter-
ized versus generative representations in structuragdean empirical
comparison. In H.-G. Beyer et al., editdProc. GECCO’'05 pages
2007-2014. ACM Press, 2005.

Jerome Kodjabachian and Jean-Arcady Meyer. Evoludod devel-
opment of neural controllers for locomotion, gradientdaling, and
obstacle-avoidance in artificial insect$EEE Transactions on Neural
Networks 9:796-812, 1998.

Taras Kowaliw, Peter Grogono, and Nawwaf Kharma. Emwinent as
a spatial constraint on the growth of structural form. In Di€fens et
al., editor,Proc. GECCQO'07 pages 1037-1044. ACM Press, 2007.
John R. Koza, Forrest H. Bennet, David Andre, and Ma#irKeane.
Genetic Programming lll: Automatic Synthesis of AnalogcGits MIT
Press, Massachussetts, 1999.

Peter Krcah. Evolutionary development of robotic arigans. Master’s
thesis, Faculty of Mathematics and Physics, Department affw@re
and Computer Science Education, Charles University, CRegpublic,
2007.

Sanjeev Kumar. A developmental genetics-inspiredreggh to robot
control. In F. Rotlauf, editorProc. GECCO’'05 Workshoppages 304—
309. ACM Press, 2005.

Paul Dwight Kuo, Andre Leier, and Wolfgang Banzhaf. Eamuag
dynamics in an artificial regulatory network model. In Xinovat al.,
editor, Proc. PPSN'04 pages 571-580. LNCS 3242, Springer Verlag[75]
2004.

Nicolas Lassabe, Herve Luga, and Yves Duthen. New sskidr [76]
evolving artificial creaturesinternational IEEE Journal of Information
Technology and Intelligent Computing:120-146, 2008.

Aristid Lindenmayer and Grzegorz Rozenberg. Develeptal systems
and languages. Iproceedings of the 4th annual ACM symposium o
theory of computing (STOC'72pages 214-221, 1972.

[62]

[64]

[67]

(68]

[69]

[70]

(71

[72]

[73]

[74]

1771

Hod Lipson. Principles of modularity, regularity, ahgrarchy for scal- [78]
able systemsJournal of Biological Physics and Chemistry(4):125—

128, 2007.

Hod Lipson and Jordan B. Pollack. Automatic design arahufacture [79)

of robotic lifeforms. Nature 406(6799):974-978, August 2000.

Jason Lohn, James Crawford, Al Globus, Gregory S. Hgrifilliam [80]
Kraus, Gregory Larchev, Anna Pryor, and Deepak Srivastavalvable
systems for space applications. Rroc. Intl Conf. on Space Mission
Challenges for Information Technolog2003.

Jason Lohn, William F. Kraus, Derek S. Linden, and Sitv&olombano.
Evolutionary optimization of yagi-uda antennas. In Y. Liuag, editor,
Proc. ICES '01: From Biology to Hardwarepages 236-243, London, [82]
UK, 2001. Springer-Verlag.

Steven Manos, Maryanne C. J. Large, and Leon Poladianluttonary
design of single-mode microstructured polymer opticalefbusing an [83]
artificial embryogeny representation. In D. Thierens eteitor, Proc.
GECCO’07 pages 2549-2556. ACM Press, 2007.

Claudio Mattiussi, Daniel Marbach, Peter Diirr, andiD&floreano. The
Age of Analog Networks. Al Magazine 29(3):63-76, 2008.

Thomas Miconi and Alastair Channon. An improved sysferartificial
creatures evolution. Inn Procs 10th Intl Conf on Simulation and [85]
Synthesis of Living Systems (ALIREages 255-261. MIT Press, 2006.
Julian F. Miller. Evolving developmental programs fadaptation,
morphogenesis and self-repair. In W. Banzhaf et al., ediwoc.
ECAL'03 pages 256-265. LNCS 2801, Springer Verlag, 2003.

(81]

(84]

(86]

] Una-May O’Reilly, Mark Hemberg, and A. Menges.

17

Julian F. Miller. Evolving a self-repairing, self-relating, french flag
organism. InProc. GECCO’04 pages 129-139. LNCS 3102 and 3103,
Springer Verlag, 2004.

Julian F. Miller and Wolfgang Banzhaf. Evolving the gram for a cell:
from french flags to boolean circuits. In R. Nagpal, edi®n Growth,
Form and Computerspages 278-301. Academic Press, 2003.
Miguel Nicolau and Marc Schoenauer. Evolving specifietwork
statistical properties using a gene regulatory networkehdd G. Raidl
et al., editor,Proc. GECCO’09 pages 723-730. ACM Press, 2009.
Stefano Nolfi and Domenico Parisi. Growing neural ne&so Technical
Report PCIA-91- 15, Institute of Psychology, CNR, Rome, .99
Evohrtary
computation and artificial life in architectureArchitectural Design:
Special Issue on Emergenc2004.

Chandana Paul, Hod Lipson, and Francisco J. Valero &ueivolution-
ary form-finding of tensegrity structures. In H.-G. Beyeragt editor,
Proc. GECCO’05 pages 3—-10. ACM Press, 2005.

Pavel Petrovic. Solving lego brick layout problem ggsievolutionary
algorithms. InProc. Norsk Informatik Konferanse (NIKpages 87-97,
2001.

Maxim Peysakhov. Representation and evolution of legsed assem-
blies. In C. Ryan, U.-M. O'Reilly, and W.B. Langdon, editpGGECCO
Graduate Student Workshopages 297-300, Las Vegas, Nevada, USA,
2000.

Maxim Peysakhov and William C. Regli. Using assemblpresenta-
tions to enable evolutionary design of lego structurksificial Intelli-
gence for Engineering, Design, Analysis and Manufactyrlig(2):155—
168, 2003.

Juraj Plavcan and Pavel Petrovic. Direct and indiregresentations
for evolutionary design of objects. In D. Thierens et al.itad Proc.
GECCO’07 pages 160-171. ACM Press, 2007.

Jordan B. Pollack and Hod Lipson. The golem project: |#&ng
hardware bodies and brains. RFroc. 2nd NASA/DoD workshop on
Evolvable Hardware, EH'00pages 37-42. IEEE Computer Society,
2000.

Torsten Reil. Dynamics of gene expression in an ardifigenome -
implications for biological and artificial ontogeny. In Dldfeano et al.,
editor, Proc. ECAL'05 pages 457-466. LNCS 1674, Springer Verlag,
1999.

Joseph Reisinger and Risto Miikkulainen.  Acquiringoleability
through adaptive representations. In D. Thierens et altpredProc.
GECCO’07 pages 1045-1052. ACM Press, 2007.

Karl Sims. Evolving virtual creatures. IBIGGRAPH'94 pages 15-22.
ACM Press, July 1994.

Kenneth O. Stanley. Efficient evolution of neural networks through
complexification PhD thesis, The University of Texas at Austin, 2004.
Kenneth O. Stanley. Compositional pattern produciagvorks: A novel
abstraction of developmentGenetic Programming and Evolvable Ma-
chines: Special Issue on Developmental Systé&{®:131-162, 2007.
Kenneth O. Stanley, David B. D'’Ambrosio, and Jason Gau®
hypercube-based indirect encoding for evolving largdescaural net-
works. Artificial Life, 15(2):185-212, 2009.

Kenneth O. Stanley and Risto Miikkulainen. Evolvinguna networks
through augmenting topologies=volutionary Computation10(2):99—
127, 2002.

Kenneth O. Stanley and Risto Miikkulainen. A taxononoy frtificial
embryogeny.Artificial Life, 9(2):93-130, 2003.

Till Steiner, Lisa Schramm, Yaochu Jin, and Bernhardddeff. Emer-
gence of feedback in artificial gene regulatory networks. Phoc.
CEC'07, pages 867-874. IEEE Press, 2007.

Till Steiner, Jens Trommler, Martin Brenn, Yaochu Jamd Bernhard
Sendhoff. Global shape with morphogen gradients and mptilarized
cells. InProc. CEC'09 pages 2225-2232. IEEE Press, 2009.
Gunnar Tufte and Pauline C. Haddow. Towards developrmam
a silicon-based cellular computing machine Natural Computing
4(4):387-416, 2005.

Alan M. Turing. The chemical basis of morphogenedRoyal Society
of London Philosophical Transactions Series@7:37-72, 1952.
Lewis Wolpert. The french flag problem: a contributiantihe discussion
on pattern development and regulation. In C. Waddingtoritoed
Towards a Theoretical Biologypages 125-133. Edinburgh University
Press, 1968.

Lewis Wolpert. Positional information and the spatialttern of cellular
differentiation. Journal of Theoretical Biology25:1-47, 1969.

Lewis Wolpert. Principles of DevelopmentOxford University Press,
2006.



